Logistic network design has an important and strategic platform in an efficient and effective supply chain management, and usually involves multiple and conflicting goals, such as cost/profit, resource balance, customer responsiveness, quality, and the like. Besides, due to the implementation of government legislation, environmental concern, social responsibility and customer awareness, companies have been forced by customers not only to supply environmentally amicable products but also to be responsible for the returned products. Hence, this paper presents a stochastic multi-objective model for forward/reverse logistic network design under a uncertain environment including three echelons in forward direction (i.e., suppliers, plants, and distribution centers) and two echelons in backward direction (i.e., collection centers and disposal centers). We demonstrate a method to evaluate the systematic supply chain configuration maximizing the profit, customer responsiveness, and quality as objectives of the logistic network. The set of Pareto optimal solutions is obtained and also financial risk relevant to them is computed in order to show the tradeoff between objectives. The results give important insight for fostering the decision making process.
Introduction
Supply chain network design (SCND) is one of the most important strategic decisions that recently has been received the growing attention by researchers. A SCND problem involves the sum of facilities organized to gain and transfer raw materials to finished products, distribute these products and present the services after selling to fulfill the customer needs. This problem determines the number, location, capacity level and technology of the facilities to be considered. It also specifies the transportation channels and the quantity of item to purchase, consume, produce, distribute and ship. Because the tactical and operational activities are implemented after establishing the strategic decisions, the logistic network configuration will become a restriction for tactical and operational level decisions. Moreover, since opening and closing the facilities is a time-consuming and expensive act, the change of the network configuration is not possible easily. Hence, the supply chain configuration is a key strategic issue influencing tactical/operational activities and need to be optimized for the long-lasting efficient operation of entire supply chain.
The literature dedicated to SCND can be divided into two parts, namely forward logistic (FL) and reverse logistic (RL). The first case only addresses the forward network. The reverse logistic itself comprises problems that fully focus on the backward network, known as recovery network, and those that the backward network is integrated with the forward network, known as closed-loop network. In general, in the forward logistic, as a conventional logistic, after purchasing from suppliers, raw materials are converted to finished products in manufacturing plants, and then these products are transferred to customers via distribution centers to satisfy their demands. In the reverse logistic, the flow of returned products is processed from the customers back to the collection centers for repair, remanufacturing or disposal [1, 2] . Due to the fact that designing the forward and reverse logistics separately results in sub-optimal designs with respect to objectives of supply chain, the design of forward and reverse logistics should be integrated [3] [4] [5] . This type of integration can be considered as either horizontal or vertical integration [6] . The first type includes the integration of activities in the same planning level (tactical, operational or strategic). For instance, integrating the supplier selection with network design and integrating the design of forward and reverse supply chain are two examples of horizontal integration in the strategic level. The latter type encompasses the integration of decision-making processes across planning level. For instance, locations of the facilities at the strategic level and the quantities of shipment transferred between facilities at the tactical/operational level can be considered simultaneously. For a comprehensive literature review, please see [7] .
An important issue in SCND is the establishment of appropriate performance measures to determine efficiency and/or effectiveness of the current system in comparison with alternative systems. Traditionally, the focus of SCND problems is usually on a single objective, namely minimizing the cost or maximizing the profit. The other measures considered in supply chain are as follows: maximization of the customer service level, minimization of the financial risk and maximization of the quality level. Many companies emphasize the customer responsiveness and quality as a means to stay in business over their lifetime. One measure to quantify the customer service level is fill rate that is the fraction or amount of customer demands satisfied within the promised delivery time. Also, one popular method to state the quality assurance as quantitative is total quality management (TQM) through Six Sigma (6r). The ''6r'' expression arises from a statistical terminology, where sigma denotes the standard deviation. The probability of occurrence within plus or minus six sigma on a normal curve is 0.9999966, which is usually represented as a defect rate of 3.4 parts per million (PPM). This quality level is considered as goal in most Six Sigma initiatives; however, the terminology is also applied to other quality levels [8] . Table 1 shows the corresponding defect rates for each Sigma level. The purpose of TQM and 6r is to specify the undesirable quality immediately during the manufacturing process, rather than expending time to check the finished product. In SCM, many organizations use outsourcing suppliers in recent years due to the fact it appears to be more profitable. It is not always possible to inspect the importing item from outer suppliers. In this case, quality can be measured by the percentage of defective materials acquired from the suppliers corresponding to their diverse quality levels. The higher quality suppliers usually sell more expensive materials because of their better quality specification. Hence, to create a more effective SCM, the organizations must select suppliers that will supply raw material with better quality.
Many efforts have been made to model and optimize the SCND problem that majority of those is based on a deterministic approach and single objective [9] , while most real SCND problems are structured by diverse source of uncertainty and numerous measures. As pointed out by Sabri and Beamon [10] , uncertainty is one of the most challenging but significant problems in SCM. However, the literature integrating uncertainty with location decisions in the SCND area is still scare. Therefore, the assumption that all parameters of problem, such as demands, costs, return rates, exchange rates, and the like, is certain and that performance of SCND is only measured by an economic factor, namely cost minimization or profit maximization, is not realistic. Moreover, considering diverse capacity levels for each facility as the decision variables is an important issue in real-life applications because of its potent effect on logistic network efficiency, which is regarded in this paper. Many firms insist on strongly the single sourcing associated with customers because it makes management of supply chain considerably simpler [11] . Nevertheless, researchers do not consider this feature as it makes the problem significantly more difficult. In the reverse logistic area, the paper takes into account the hybrid processing facilities as variable decisions, instead of only regarding forward processing facilities (i.e., distribution centers) and backward processing facilities (i.e., collection centers) separately. Both forward and returned products can be shipped via hybrid processing facilities. Advantage of using such hybrid processing facilities is to save cost and reduce pollution as a result of sharing material handling equipment and infrastructure [12] . Based on the considerations described above, this study presents a stochastic multi-objective model for forward/reverse logistic network design under an uncertain environment including three echelons in forward direction (i.e., suppliers, plants, and distribution centers) and two echelons in backward direction (i.e., collection centers and disposal centers). The rest structure of this paper is as follows. Section 2 provides a state-of-the-art of existing studies in the forward/reverse logistic network design. In Section 3, we present a mixed-integer linear programming model of the logistic network design with Table 1 Sigma Level for parts. Defective parts per million   1  691462  2  308538  3  66807  4  6210  5  233  6 3.4
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three objective functions and uncertainty of some parameters. The multi-objective methodology is described in Section 4 in order to obtain a set of Pareto optimal solutions. Section 5 presents a numerical example and discusses the computational results. Finally, we draw the conclusions of this paper in Section 6.
Literature review
While three planning levels are usually distinguished depending on the time horizon, namely strategic (long term), tactical (medium term) and operational (short term), SCND addresses the strategic and tactical aspects of planning. In the strategic level, the decisions are associated with the SC configuration, such as which facilities are going to be opened. In the tactical level, it is assumed that configuration of SC is already established and its goal is to optimize production values, transportation values, utilization rate, supplier selection, and customer allocation. During the last decade, many attempts have been published to develop and optimize SCND models. These studies encompass the wide scope of models ranged from simple linear single product deterministic problems to complex non-linear multi-product stochastic ones. Melo [9] presented a general review of SCND models to support the development of richer SCND models.
Traditionally, the focus of SCND is usually on a deterministic approach and single objective (i.e., minimizing costs or maximizing profit) in a forward logistic. For example, Gen and Syarif [13] and Amiri [14] took into account the total cost of forward logistic network as an objective in their works. Also, several studies have been considered about optimization of a multi-objective SCND problem by different researchers. Farahani et al. [15] reviewed the various criteria and objectives used in facility location problem, which plays a critical role in the SCND problem. Chan and Chung [16] presented a multi-objective SCND in the forward logistic, in which the minimization of costs, total delivery days and the equity of the capacity utilization rate for manufacturers are considered as objectives. They suggested a multi-objective genetic approach for the order distribution problem in a demand driven logistic network. Erol and Ferrell [17] proposed a multi-objective SC model for minimizing costs and maximizing the customer satisfaction level. Huijun et al. [18] presented a bi-level programming model for location of logistic distribution centers by considering benefits of customers and logistics planning departments. Altiparmak et al. [19] presented a SC model with three objectives: namely minimization of the total cost, maximization of the service level and maximization of the capacity utilization balance for distribution centers. They proposed a solution procedure based on a genetic algorithm to obtain the set of Pareto optimal solution for their model.
The use of uncertainty in SCND models is a natural extension of a deterministic approach because all the model parameters, in practice, are not certain. This consideration results in the more realistic problems. In this matter, a number of researchers present comprehensive SCND models using a two-stage stochastic approach in a forward logistic. Tsiakis et al. [20] took into account a two-stage stochastic programming model for a SCND problem with uncertain demands. They proposed a large-scale mixed-integer linear programming model for their problem. Goh et al. [21] developed a stochastic multi-stage global SCND model regarding supply, demand, exchange and disruption as uncertain parameters in a forward logistic. In addition, there are different studies focusing on multi-objective SCND problem under an uncertain environment. An integrated multi-objective SCND model under uncertainty of product, delivery and demand is developed by Sabri and Beamon [10] . They consider cost, fill rate, and flexibility as objectives and use e-constraint method to solve the problem.
Guillen et al. [22] presented a stochastic mixed-integer linear programming model for a multi-objective SCND problem, considering profit, customer satisfaction, and financial risk as objectives in a three echelon supply chain. The problem was solved by the e-constraint approach and branch-and-bound techniques. Azaron et al. [23] developed a multi-objective stochastic programming approach for a three echelon supply chain design under uncertainty in which the goal attainment technique is used to optimize total cost, total cost variance, and financial risk cost. Franca et al. [24] presented a stochastic multi-objective model for a forward logistic network that uses the Six Sigma measure to evaluate the quality of raw materials acquired by suppliers. The objectives of the problem are to maximize the profit of SC and minimize the total number of defective raw material parts under demand uncertainty.
In the last 10 years due to the reduction of primary resource use, pollution prevention, waste management, the government legislation, environmental concern, social responsibility and customer pressures, growing attention has been given to reverse logistic. Reverse logistic refers to all activities related to the conversion and the flows of goods and services with their information from the sources of material to the final users. Pokharel and Mutha [25] recently probe the current development in research and practice in reverse logistic through content analysis of the published studies.
Many attempts have been made to propose the deterministic SCND problems in context of reverse logistic. Fleischmann et al. [3] considered a reverse logistic design model that optimizes the forward flow together with the return flow without considering the capacity limit. Biehl et al. [26] simulated a carpet reverse logistic network, in which a specified experiment was used to analyze the effect of the system design and environmental factors influencing the operational performance of the reverse logistic system. A multi-product close-loop supply chain network model was presented by Üster et al. [27] and solved by the Bender decomposition. The authors considered manufacturing and remanufacturing separately and assumed a single sourcing for the customers. Kannan et al. [28] developed a closed loop mixed integer linear programming model to determine the raw material, production, distribution and inventory, disposal, and recycling at different facilities. They presented a heuristics based genetic algorithm for their model minimizing the total supply chain costs. El-Sayed et al. [29] presented a multi-period multi-echelon forward-reverse logistic network design model while the objective of their model is to maximize the profit of a supply chain. A bi-objective integrated forward/reverse supply chain design model was suggested by Pishvaee et al. [6] , in which the costs and the responsiveness of a logistic network are considered as objectives of the model. They developed an efficient multi-objective memetic algorithm by applying three different local searches in order to find the set of non-dominated solutions. Also, some of researchers have presented some studies about optimization of stochastic SCND in a reverse logistic. Listes and Dekker [30] proposed a stochastic approach to the case study of recycling and from demolition waste while the uncertainty is associated with demand source and quality. Salema et al. [31] extended the Fleischmann's model [3] to a capacitated multi-product reverse logistic network with uncertainty on demands and returns applied to an Iberian company. Lee and Dong [12] presented a dynamic reverse logistic network under demand uncertainty. A solution approach integrating a recently proposed sampling method with a simulated annealing (SA) algorithm is developed to obtain a solution.
To structure the literature review of SCND problem and to show difference of this paper form others, we give a systematic state-of-the-art to review the existing works on the SCND problem corresponding to Tables 3 and 5 in terms of the network structure and the modeling approach. The codes of these tables are given in Table 2 and Table 4 , respectively. As shown in Tables, a large part of papers is deterministic and considers a single objective in their studies, a smaller part is associated with optimization of multi-objective SCND, a few papers optimize supply chain with respect to uncertain conditions and a very little research addresses the stochastic multi-objective SCND problem. Although a number of researches are 
performed in SCND area, but to the best of knowledge, there is no study that addresses the issues of chain profit, supplier quality, customer responsiveness and financial risk in context of a reverse logistic under uncertainty of parameters in a comprehensive fashion. The relevant Tables show the distinctiveness of this paper from others in the literature. 
Problem definition
The SCND problem discussed in this paper is an integrated multi-objective multi-echelon multi-product stochastic problem considering single sourcing of customers in a forward/reverse logistic network with multi-level capacities, which is more complex and requires more efforts to analyze than both forward and backward logistic simultaneously. The proposed model considers the following assumptions and limitations:
1. The model is multi-product. 2. Supplier and customer locations are know and fixed. 3. The potential locations of manufacturing facilities, distribution centers, collection centers, and disposal centers are known. 4. The flow is only permitted to be transported between two consecutive stages. Moreover, there are no flows between facilities at the same stage. 5. The number of facilities that can be opened and their capacities are both restricted. 6. The quantity of price, production costs, operating costs, collection costs, disposal costs, demands and return rates are uncertain and are described by the set of scenarios. Also the return rate in each customer depends on the customer demand. 7. The other costs (i.e., fixed costs and transportation costs) are known.
The proposed model consists of three objective functions. The first objective attempts to maximize the total profit of the chain, which is a usual objective in most of SCND problems. The second objective seeks to maximize the customer service level that can be rendered to customers in terms of suitable delivery time. The third objective tries to increase the Sigma quality level and improve operations by minimizing the total number of defective raw material parts acquired from the suppliers. Also, due to the uncertain conditions of problem, the risk related to the SC configuration will be measured. The purpose of this paper is to evaluate a forward/reverse logistic system with respect to these objectives in order to determine the facility locations and flows between facilities along each capacity-constrained stage under uncertainty of parameters.
Model formulation
The general structure of the proposed closed-loop logistic network is illustrated in Fig. 1 . In forward direction, the suppliers are responsible for providing the raw material to manufacturing facilities. The new products are conveyed from plants to customers via distribution centers to meet the customer demands. In backward direction, the returned products from customers are transferred to collection centers for testing and inspecting. After testing in collection centers, the recoverable and disposable products are shipped to plants and disposal centers, respectively. By means of this strategy, excessive transportations of returned products are inhibited and the returned products are directly transferred to the relevant facilities.
The network takes into account the hybrid processing facilities whereby both distribution and collection centers are established at the same locations. Whether the hybrid facility is used or not specify depending on the tradeoff of fixed opening costs and variable transportation costs. In others words, the use of hybrid processing facilities is a decision variable in such a logistic network. This consideration leads to the cost saving and reduction of pollution as a result of sharing material handling equipment. Moreover, since the remanufacturing process is conducted in the same facilities and the recoverable products are inserted into forward facilities, the proposed model is a closed-loop logistic network. The model is not a case-based logistic network due to its general nature, but it can encompass a various industries such as electronic, digital equipment, and vehicle industries. To describe the aforementioned logistic network, we use the following notation in the model formulation: Unit price of product l at customer e over scenario s
SC ir
Unit purchasing cost of raw material r from supplier i
PC s jl
Unit production cost of product l at plant j over scenario s
OC s k
Unit operating cost at forward processing facility k over scenario s
IC s k
Unit inspection and collection cost at collection center/hybrid processing facility k over scenario s
RC s jl
Unit recovery and disassembly cost of product l at plant j over scenario s
DC s f
Unit disposal cost at disposal center f over scenario s TIJ ijr Unit transportation and purchasing cost for raw material r shipped from supplier i to plant j TJK jkl Unit transportation cost for product l shipped from plant j to forward processing facility k TKE kel Unit transportation cost for product l shipped from forward processing facility k to customer e TEK ekl Unit transportation cost for returned product l shipped from customer e to collection center k TKJ kjl Unit transportation cost for recoverable product l shipped from hybrid processing facility k to plant j TKF kfl Unit transportation cost for scrapped product l shipped from collection center k to disposal f 
Decision variables Continuous variables (related to the flow of network): QIJ s ijr
Quantity of raw material r shipped from supplier i to plant j over scenario s
QJK s jkl
Quantity of product l shipped from plant j to distribution center k over scenario s
QKE s kel
Quantity of product l shipped from forward processing facility/hybrid processing facility k to customer e over scenario s
QEK s ekl
Quantity of returned product l shipped from customer e to collection center/hybrid processing facility k over scenario s
QKJ s kjl
Quantity of recoverable product l shipped from collection center/hybrid processing facility k to plant j over scenario s In terms of the above-mentioned notations, the multi-objective multi-echelon multi-product stochastic forward/reverse logistic network design problem can be formulated as follows:
Objective function
The objectives of the presented model are to maximize the total profit, responsiveness, and quality of the closed-loop network as follows.
The first objective (1) is to maximize the total profit including the total income minus the total cost. The costs of supply chain are as follow: fixed cost for establishing the facilities, supply cost for purchasing the raw materials from suppliers, production cost for manufacturing the products in plants, operating cost in distribution centers, inspection cost for the returned products in collection centers, remanufacturing cost for recoverable products in plants, and disposal costs for scrapped products. The second objective (2) seeks to maximize the customer service level in both forward and reverse networks. The third objective (3) is to minimize the total number of defects of in raw material obtained from suppliers and thus increase the Sigma quality level.
Constraints
This subsection is a representation of the constraints of the presented model. Balance constraints: 
Constraint (4) shows that, for each product, the flow exiting from each plant is less than the sum of the flow entering to this facility from all suppliers and collection centers over each scenario. Constraint (5) insures that, for each product, the flow entering to each distribution center is equal to the flow exiting from this distribution center over each scenario. Constraint (6) states that, for each product, the flow exiting from distribution centers must be satisfied the demand of all customers over each scenario. Constraint (7) shows the single sourcing of customers in forward direction. Constraint (8) describes, for each product, the relationship of customer demands with the flow of the returned products transferred from customers to collection centers over each scenario. Constraint (9) shows the single sourcing of customers in backward direction. Constraint (10) imposes that, for each product, the flow exiting from each collection center to all production centers is equal to the flow entering to each collection center from all customers multiplied by the recovery ratio over each scenario. Constraint (11) shows that, for each product, the flow exiting from each collection center to disposal centers is equal to the flow entering to each collection center from all customers multiplied by the disposal ratio over each scenario. 
Constraint (12) ensures that the sum of the flow exiting from each supplier to all plants does not exceed the capacity of this supplier over each scenario. Constraint (13) states that the sum of the flow exiting from each plant to all distribution centers does not exceed the capacity of this plant over each scenario. Constraint (14) shows that the sum of the flow exiting from each distribution centers or hybrid processing facility to all customers does not exceed the capacity of relevant facility over each scenario. Constraint (15) represents that the sum of the flow exiting from each collection center or hybrid processing facility to all plants and disposal centers does not exceed the capacity of relevant facility over each scenario. Constraint (16) states that the sum of the flow entering to each plant from all collection centers does not exceed the remanufacturing capacity of this plant over each scenario. Constraint (17) imposes that the sum of the flow entering to each disposal center from all collection centers does not exceed the capacity of this facility over each scenario. 
Constraints (18)- (22) insure that each plant, distribution center, collection center, hybrid facility, and repair center can be assigned at most one capacity level, respectively. Constraint (23) guarantees that at most one facility type is opened at a potential location over each scenario. 
Constraints (24)- (28) restrict the number of plants, distributors, collection centers, hybrid facilities, and disposal centers that can be opened, respectively. Constraints (29) and (30) impose the binary and non-negativity restriction on the corresponding decision variables.
Financial risk
Since the logistic network is established under uncertain conditions, the risk associated with the SC configuration should be measured by financial risk. This feature helps the decision maker (DM) in their decision about the network design. Financial risk can be determine as the probability of a determined objective, such as cost or profit, does not meet a certain target level. For a two-stage stochastic model, the financial risk related to SC configuration with target profit level can be stated by:
where, pb s is the occurrence probability of scenario s, and V s is a binary variable for each scenario as follows:
where, profit(s) is the total profit after scenario s is realized and uncertainty is revealed. It is clear that the lower values of this measure are more suitable for the DMs.
Multi-objective methodology
The approach applied in this study to deal with uncertainty is the two-stage stochastic programming, first introduced by Danzig [46] and Beale [47] . Two types of decision variable exist in this approach. Decision variables specifying the network configuration, namely those binary variables, are considered as first stage variables, which have to be taken before the realization of the uncertainty. The second-stage variables are the continuous variable related to amount of products to be shipped among the entities of network, which can be made after the uncertain parameters have been revealed. The stochastic programming problem consists of three objective functions: maximization of profit, maximization of customer service, and maximization of quality level. In multi-objective problems, an important property of the solutions is Pareto optimality of which the generalized definitions [48] are given for the minimization problem as follows:
Definition of the Pareto-optimal solution: Point x Ã is a Pareto-optimal solution if and only if there does not exist another x such that fðxÞ 6 fðx Ã Þ with strict inequality holding for at least one objective. Here, x denotes a configuration for the logistic network. This means that, in a Pareto optimal solution, one cannot make the better value of one of the objective functions without deteriorating the value of one or more other objective functions. A series of these points forms a Pareto curve. This feature is very important, otherwise some of the solutions can have the better objective function than the given solution and it will not be optimal.
We use the -constraint method to obtain a set of Pareto-optimal SC configuration, which was first presented by Haimes et al. [49] . This method is one of the multi-objective techniques with priori articulation of DM's preference information and is a one-stage technique, unlike interactive multi-objective approaches; hence, it will be computationally faster. The -constraint is based on optimization of one objective function and considering the other objectives as constraints with allowable bounds. Then, the bounds are consecutively modified to generate the other Pareto-optimal solutions. With the before situation in mind, the stochastic multi-objective SCND problem corresponding to the-constraint method is formulated as follows:
Max f 1 s:t:
Eqs: ð4Þ-ð30Þ
Therefore, a set of Pareto-optimal solutions can be acquired by altering the values of e 1 and e 2 . Each of these Pareto solutions introduces a SC configuration. The methodology to solve the multi-objective problem can be expressed as follows:
(1) Set a value for each objective function (e 1 and e 2 ). By means of this strategy, the final SC configuration with the desired compromise can be chosen among the different solutions from the decision maker's perspective.
Computational results
In this section, a numerical example is presented in order to demonstrate the applicability of the presented model. Consider a multi-echelon forward/reverse supply chain network similar to the one depicted in Fig. 1 . In forward direction, there is a set of six suppliers that provide six types of raw materials with diverse quality levels for five plant candidates. Two types of products are produced in manufacturing plants and then are shipped to distribution center or hybrid processing facilities candidates in order to satisfy the demand of 10 customers. In backward direction, the returned products are shipped to collection centers or hybrid processing facilities candidates in order to inspect and then are transferred to recovery candidates or disposal candidates, where the number of processing facilities candidates and disposal candidates is six and three, respectively. Also, the maximum number of facilities that can be opened in candidate locations of plants, distributors, collectors, hybrid processing centers, and disposal canters is 3, 2, 1, 2, and 2, respectively. The purchasing costs of raw materials from different suppliers are given based on their quality specification in such manner that the higher quality suppliers sell more expensive materials. The transportation costs are defined corresponding to the distance between nodes on each stage of the supply chain network. The fixed cost and capacity of the same facilities are discriminated according to three relevant capacity levels. The others parameters are reported in Table 6 . Also, it is assumed that some of parameters are uncertain and these parameters under each scenario are shown in Table 7 .
The given problem is solved on a Pentium dual-core 2.00 GHz computer with 2.00 GB RAM in order to generate different Pareto-optimal solution. Fig. 2 illustrates the results in a Pareto curve for expected defective rate versus profit with the maximum responsiveness level (i.e., 1) while the other service level is similar to this plot. As can be seen in Fig. 2 , the expected defective rate is increased with increment in profit. The Pareto curve can be approximately divided in two regions: points with lower and greater values than zero for the profit. The points in right direction of zero profit have a greater weight than the points in left direction of one, because the small increment in the expected defective rate for right direction result in a more increment in the expected profit than points in left direction. This is an important issue for the decision maker(s) when analyzing the tradeoff between the objective functions. The Pareto curves for the responsiveness level versus profit as well as responsiveness level versus expected defective rate are illustrated in Figs. 3 and 4, respectively. The responsiveness level is increased with decrease in profit and increment in the defective rate. These plots also confirm that three objective functions in the proposed problem are conflicting.
We now addresses the financial risk behave for Pareto-optimal solutions. Fig. 5 indicates the financial risk versus expected defective rate while X is set to the value of zero with maximum responsiveness. As shown in plot, the financial risk decrease as the defective rate increase, so care should be taken in enhancing the quality level by finding the ''lowest defect suppliers''. The risk analysis is significant in showing how the Pareto solutions can be impressed if the variables are altered. These Pareto curves accompanying the risk analysis help the decision maker(s) to choose a proper configuration. A decision making process, that does not consider such procedure, may results in configuration that function well only one of the objectives while it performs poorly for the other objectives and financial risk. A usual question in the stochastic programming is whether this approach can be nearly optimal or whether they are inaccurate. The theoretical answer to this issue is provided by two concepts: the expected value of perfect information (EVPI) and the value of stochastic solution (VSS). The EVPI is difference between the WS approach and the stochastic programming (or RP approach). In the WS approach, each scenario separately is solved and the mean of objective functions is considered as wait-and-see solution (WS). To compute the VSS, first the mean value of each stochastic parameter is taken and the model is solved by mean of each parameter, known in the literature as Expected Value (EV) approach. Then the optimal variables of EV approach are considered as an input for two-stage model and it is allowed that second-stage decisions to be chosen optimality as functions of EV solution and stochastic parameters, known in the literature as EEV approach. The difference between the objective functions of EEV approach and stochastic program would be VSS. To learn more about these issues, we refer the reader to [50] . Tables 8-10 show the solutions of RP, WS, and EV approaches with same values of the second and third objective functions. Moreover, Table 11 shows the EVPI measure in the related values of the second and third objective functions. EVPI defines the maximum value a decision maker would be ready to pay in return for complete information about the future. The results show the values of stochastic program is less than WS problem as expected that it lead to the negative values for EVPI measure. In addition, the computation shows that the solution of EEV approach is infeasible. This issue points that solution of EV approach in terms of two-stage stochastic program (RP problem) is a bad solution and don't cover the solution of RP problem. These reports confirm the accurateness of two-stage stochastic program and give the consistent results for the presented model.
Conclusion
One of the important planning activities in supply chain management (SCM) is to design the configuration of the supply chain network having a long-lasting impact on the whole network. Besides, due to the problem global warning, in particular, growing attention has been recently given to reverse logistic in SCM. On the other hand, modeling of a supply chain network design (SCND) problem can be a challenging process because there are a large number of components that need to be incorporated into model. Uncertainty on parameters and multi-objective are ways to create more flexibility and real-world condition. With this consideration, the decision making process can take into account much more information and then make a better configuration based on view of points of the decision makers (DMs). Hence, we have presented a stochastic multiobjective model for forward/reverse supply chain network, in which maximization of profit, maximization of responsiveness, and minimization of defective parts from suppliers have been considered as three objective functions. The validation of the presented model has been illustrated by a numerical example. The behavior of this model has been studied when some of parameters (e.g., price, production costs, operating costs, collection costs, disposal costs, demands and return rates) are uncertain described by a finite number of the possible scenarios. The set of Pareto-optimal solutions has been generated by the -constraint method which showed the tradeoff between objectives and gave important insight. The financial risk relevant to solutions has been also calculated in order to assist the decision making process. With this approach, the resulted information provides a useful tool for the DMs because the decision making process rarely is performed based on one objective or without considering the financial risk related to randomness of parameters. Finally, the resulting solutions were also compared with other approaches by two measures of EVPI and VSS. The results reported the consistent outputs for the presented problem. 
